Functionality of an object de nes its applicability in a task. In this paper we introduce a representation for functionality and present a methodology for its recovery. In addition, we introduce force-shape maps as means to integrate and classify the recovered functionality. Since functionality describes an interaction, the representation for an object must include not only its intrinsic (material) but also its functional (how it is used) properties. In order to recover the functionality of an object, we have developed a formalism based on discrete event system theory and on the paradigm of Active Perception. This formalism allows us to express an investigating task in the form of a nite automaton for controlling and observing the interactions in our task. Our current investigation focuses on manipulatory interactions, and thus far, the functionality of piercing. We envision an expandable system having at its disposal a score of investigative procedures and through them to be able to classify and recognize an object based on its functional attributes.
Introduction
Functionality almost universally involves an interaction. Hence, the representation for an object must include not only its intrinsic properties (e.g geometric, material, kinematic and dynamic) but also how it is used. Many objects may be recognized as suitable implements for satisfying a particular role. The analysis of their properties allows us to identify what can be labeled as the \functional-features" { features which make the object suitable for a speci c task. Hence, investigating the functionality of an object addresses the object's purpose in a particular setting.
This type of active investigation of an object can be de ned as a functional recovery of an object.
We focus on the mechanism for expressing this investigative process through a formalism based on Discrete Event System Theory and on the paradigm of Active Perception.
The observability of the interaction is crucial not only for controlling the active and interactive observers but also for monitoring the functional investigation. By considering the mechanics of an interaction and its results we can investigate the functional features that lead to a successful interaction.
Our current investigation focuses on manipulatory interactions and thus far the functionality we have addressed is that of piercing. In the experiments we vary the material properties of tool and target objects (e.g. shape and hardness). Results from the force, position and vision observers, which allowed us to identify tools having the functionality of piercing are combined in the form of force-shape maps. These maps proved a coherent frame-work for combining experiments carried out employing di erent tools in the same context. Further analysis incorporating other intrinsic features will enable us to better recognize the functional features which distinguish the objects and de ne criteria of task performance. The current implementation of the system employs two Puma-560 robots. One is equipped with a Lord force-torque sensor ( 34] ) and handles the tool. The other holds a camera to track and monitor the progress of the task as the tool comes into contact with the target object. We envision that such a system would be extended to have at its disposal a score of investigative procedures and hence be able to classify and recognize an object based on its functional attributes. Thus, the active investigation of the functional features of an object provides a decisive step towards its functional recognition and its role in the scene.
The paper is organized as follows: section 2 presents a review of related work. Section 3 gives an overview of our directions of research on functionality. Section 4 introduces a characterization and a representation of functionality. Section 5 addresses the segmentation of the contour of the tool into subparts expressed as superellipses. In section 6, the basic concepts of functionality and the representation of a functional task, using a DES approach, are described. Section 7 illustrates the speci c application of functionality DES modeling to the case of piercing. The experimental apparatus and typical data gathered during the experiments are presented in section 8. Discussion of the results is provided in section 9. A composite representation of the functionality of piercing for one of the tools employed is shown in section 10. Conclusions are also drawn and future work is outlined.
Survey of Related Work
During the past three decades functionality has received limited attention. Only recently researchers have begun to address its de nition, representation and recovery. Yet there is little consensus as to what these should be. In this section we present a brief survey of the research on this topic with emphasis in the area of Computer Vision. Freeman and Newell 19] were among the rst to address functionality in objects as means of \devising artifacts for accomplishing goals". ACRONYM 10] contained one of the rst attempts to bring functionality to object recognition. Lowry 36] pointed out that functionality should be represented as a hierarchy of kinematic primitives, functional primitives, and causal networks. Winston 62] used natural language descriptions to provide identi cation of physical objects and showed how physical models can be learned using functional de nitions. Brady et al. 8] addressed the interplay of planning and reasoning, and the functional signi cance of higher order structures in the organization of the recovered information. Connell et al. 14] described a system, based on a modi ed version of Winston's Analogy program 61] which used semantic nets to investigate the relation between form and function.
Stark et al. 52, 54] focused on the classi cation of CAD models of chairs. In some more current work, Green et al. 21] have extended the previous system to classify not only other types of furniture but also to consider hand-tools composed by more than one part. Stark 53] discussed the importance of incorporating and reasoning about the dynamic properties in the description of the functionality on object. Brand 9] introduced a vision system for investigating interactively how simple machines work. Rivlin et al. 44 ] presented a view of functionality recognition in objects as a goal oriented task in the context of robotics. In more recent work, Rivlin et al. 43] have considered the part composition of objects and how the individual component expresses a speci c function. Tsikos 60] carried out experiments addressing movability and removability of objects in a scene. Campos 11] investigated material and kinematic properties of an object. Kise et al. 27 ] focused on the importance of simulating the interaction for asserting the particular functionality. Bogoni and Bajcsy 6] presented a formalization of a task for recovering and expressing functionality; Bogoni et al. 7] showed a robotic system employing more than one sensory modality for the investigation of piercing.
In the area of Arti cial Intelligence, the literature addressing functionality is plentiful. Chitarro et al. 13 ] investigated the relation between function and structure of objects; Davis 16] focused on the relation between shape and function; Chandrasekaran 12] addressed the representation of causal processes; Hodges 22] investigated mechanical primitives; Iwasaki and Chandrasekaran 24] focused on design veri cation.
In Psychology, Jordan 25] addressed the importance of physical properties in understanding object functionality. Smith and Medin 48] pointed out how functional features should actually be considered part of the core features appearing in concepts description. By using exploratory procedures (EP), Klatzky and Lederman 29, 33] focussed the investigation on haptic properties of objects.
In Robotics the works of Cutkosky 15] and Iberall et al. 23] addressed the importance of understanding functionality when manipulating and interacting with an object. Stein and Paul 55] presented a system, in the context of telerobotics, for local force control that allows the operation of cutting. Stans eld 51] investigated a general purpose robotic grasping system for the interaction with an unstructured environment.
From the limited amount of literature available in the topic, we note that the investigation in the area, as carried out by the Computer Vision community, is just beginning. Issues of de nition and representation are still debated and the recovery of functionality is, for the most part, addressed either abstractly or inferred from shape. In most of these cases, the object properties are assumed and not recovered from the object.
Recovering material and functional properties from actual objects involves interactions using di erent sensor modalities. In addition, uncertainty and noise from sensor measurements must be addressed. At times, the data obtained might be partial and an active approach must taken to acquire additional data. Furthermore, even when some of the properties are known a priori, some testing must be carried out to verify or to establish other conditions. This type of investigation requires a cross-disciplinary approach. Hence, the problem of property recovery for di erent types of objects in di erent domains of applications can become inordinately complex.
Thus, there is a direct relation between the generality of the functionality of the objects investigated and the properties which are a priori assumed. But it is more than a simple question of generality versus the complexity of acquisition of the properties. In fact, while other researchers have focussed primarily on shape, we claim that the incorporation of di erent properties in the representation is not only a matter of properties acquisition but also a requirement for addressing the aspects at the core of functional recognition and representation. Hence, our approach, though limited to tools employed in relatively simple manipulatory interactions, focuses on several issues not addressed by the majority of other researchers: the use of di erent sensor modalities for the acquisition of object properties, the incorporation of various material properties as part of the representation, the interaction for both acquiring, describing and verifying the functionality of an object, the extraction of the underlying functional features to be employed in future interactions and functional recognition.
Research Overview
The recovery of functionality of an object is a complex task. It requires the ability to gather data about the physical attributes of an object, to be able to reason about its applicability in a task, and to carry out a physical investigation either to corroborate the hypotheses or to gather additional information through exploratory procedures.
The overall direction of our research can be characterized by the following goals:
a theory for the representation and characterization of functionality in objects. a methodology for recovering and recognizing functionality in objects; the identi cation and recovery of functional properties; the construction of functional categories.
By addressing the above issues, we aim at providing a mechanism for investigating the functionality of an object and to recover its functional features (intrinsic and functional properties). Additionally, a planning system could be employed to guide the search for other objects based on the recovered information 1 . So far we have devoted our attention to the rst two aspects: representation and functionality investigation. Recently we have began to investigate the identi cation and recovery of functional properties. The construction of functional categories and the determination of the properties will be addressed in subsequent studies.
Systems addressing functionality, as presented in the previous section, have assumed that the basic information about properties of objects can be collected. This assumption has allowed them to focus on important issues such as: reasoning about object properties and functional parts 21, 28, 43, 9, 58] , constructing large databases of objects for classi cation 52, 56] , analyzing the functionality of mechanisms 22], determining the behavior of electronic circuits 17], or looking at the veri cation of designs 24]. While research in this direction is necessary, it is important also to address the extraction of the physical properties from the object investigated. In fact, some of the previously mentioned researchers are beginning to address these issues. Furthermore, one must take into account the context in which the object is being used, the agent using it, the recipients of the action, the observation of the functional interaction as well as the veri cation of the hypothesized functionality.
The main thrust of this paper is the characterization of a representation for functionality, the presentation of a robotic system for the interactive investigation of functionality and the modeling of an interaction expressing a functionality. Hence the representation itself must incorporate a description of the functional activity.
The following four subsections outline the key issues listed above. The rst two are described here and will receive in-depth attention in the remaining portion of the paper. The second two 1 A discussion of how a planner can be incorporated in the system was presented in 6]. A good review of planning is provided in Tate et al. 57] .
present an outline and a discussion of our research direction since we have only began to focus on those aspects.
Representation and Characterization In order to address functionality, it is necessary to characterize the intrinsic properties of an object (structure), how a given object is used (functional application), by whom and to what purpose. Additionally, the function must be instantiated and observed in a particular environment. The representation of an object must incorporate a description of these components. Furthermore, in order to be able to express a function it must incorporate a description of the task expressing the functionality as well as means to gather some of the information via exploratory procedures.
Methodology for Functional Investigation The active investigation of functionality is modeled using a DES-based formalism. This approach allows the introduction of observers, possibly of di erent sensor modalities, in order to monitor the development of the application of an object (tool) to a target object. By observing the interaction it is possible to establish whether an artifact (a man-made object) possesses the speci c functionality. Furthermore, by de ning criteria of task performance and comparing a particular interaction with that of other objects, it is possible to identify which of the tools is the most suitable for carrying out a given functionality.
Functional Properties Identi cation Once a tool has been applied and observed having a particular function, the focus of the investigation can shift to the analysis of the values obtained for the intrinsic properties. In particular, after having performed a functional task successfully with a group of objects, these can be examined to determine which properties made these objects successful. Learning and clustering techniques can be employed to identify the important properties. The identi cation of the properties is necessary for it allows us to de ne discriminating features to be used in the functional classi cation.
Functional Category Construction Once the important properties have been identi ed, these can be used as guiding criteria for: object selection from a group of objects for a particular functionality 2 .
functionality classi cation of an object based on observed properties gathered either by exploratory procedures or by carrying out the task for investigating the functionality.
By analyzing the recovered functional attributes, context and interaction of several objects, a functional category can then be de ned.
Characterization and Representation of Functionality
This section examines a characterization of types of functionalities, a relation for expressing the components of functionality, the representation of an object incorporating its functional application, and a representation of functionality as abstracted from many objects.
Types of Functionalities
Functionality can be de ned as the application of an object in a speci c context for the accomplishment of a particular purpose. By this de nition, many objects { pliers, scissors, metal mugs { can ful ll the function of a hammer when trying to place a xture for hanging a frame. As this example illustrates, a function can be ful lled by many objects and any one object may have many functional uses. However, some of the functionalities are more prominent than others. In the case of a pair of scissors, their primary function is that of cutting, but they can be employed for hammering. Considering this observation, Bogoni 5] identi ed the following functionality types:
Intended functionality identi es functional properties de ned in an artifact at the time of its design.
Imposed functionality de nes the ability of using an object for a function for which it is not necessarily intended 3 . Intrinsic functionality denotes functional properties which either characterize an intended functionality, in the case of an artifact, or de ne a functionality in virtue of physical properties of the object.
To clarify the distinction between intended and imposed functionality we note that the context of application is important. For instance, a fork is constructed with the intended functionality of piercing and carrying, yet one may impose on it the functional property of cutting. Intrinsic functionality allows us to talk about the functionality of natural objects which have structural characteristics but no intended functionality 4 . A concave rock can be used for containment, or for support, or for pounding just by virtue of its structural properties. In our discussion we do not consider teleological issues regarding higher functions of man, plants, etc.
Man-made objects possess both intended and possibly imposed functionalities. In artifacts the intrinsic functionality corresponds to the intended functionality since the intrinsic properties are de ned when the object is designed.
Considering the above type-distinctions of functionalities, the classi cation of a new object can be described by the following process. Initially some of the properties of the object can be recovered using exploratory procedures { EP 29, 32, 11, 47, 31] . Based on the observed properties and considering the context(s) of application, functional categories can then be identi ed as the potential categories for the new object. Once the set of categories have been selected, the cost of carrying out the actual experiment for the veri cation of the hypothesized category needs to be considered. If the newly investigated object appears to be well suited for some particular function A, then we say that function A was an \intended" functionality for the object. On the other hand, if the new object a ords the function but not as e ectively as other members of functional category A, then we say that function A was imposed on the object.
Another aspect which distinguishes types of functionalities is identi ed by whether the properties and relations of the objects involved in the functional interaction are changing or constant.
In particular, the functionality of support or that of containment focuses on whether some of the spatial relations between objects remain unaltered over time. The functionality of cutting, on the other hand, concentrates on changes which take place as a result of the interaction. However, while researchers on functionality have noted either implicitly or explicitly the distinction, only recently has kinematics modeling been considered by the Computer Vision community. In the area of Articial Intelligence and Naive Physics, the kinematics and the functionality of mechanisms have been considered over the last decade.
The modeling and extraction of dynamic properties has only recently been addressed by the Vision community, in particular in the area of Physics Based methods, 41, 59, 38] . This aspect is only now receiving some attention with respect to functionality, 31, 7, 53, 30] , but is still virtually unexplored.
Components of Functionality
The functionality of an object can be expressed by the following relation:
Functionality(Object) = Structure+Context+Application where:
the Structure is associated with the intrinsic properties of an object.
The Context identi es an agent, possibly a recipient of an action, and the environment in which the functionality of the object is expressed.
The Application denotes how the object is to ful ll the desired function.
By abstracting the properties of an object, its context and the modality of the application, a high level description of functionality can be de ned. In particular, the application can be expressed as relations between causes and e ects. We are familiar with this de nition from Arti cial Intelligence. This is also the type of de nition one nds in the dictionary. The verb to cut is de ned as \to penetrate target object B] with a sharp edge from object A]". Hence, if there exists an object A and object B such that the above relation (actually an interaction) can be satis ed, then we say that object A a ords the particular function. Notice that we have not eliminated any of the components in the relation but simply abstracted. However, in order to establish whether a speci c object has a particular function, it is necessary to obtain information regarding its structure, context and application.
The ideal situation is one in which the properties of the object, how it is applied (hence the result of its application) and the context are known. Let's denote this ideal state of knowledge for It might be hard to establish the exact starting position within this space describing the current state of knowledge of an object. However, one can de ne a direction toward I(O) and focus on methodologies for acquiring the lacking information.
We can distinguish the goals of various researchers according to whether they are (i) interested in recovering any of the components or (ii) whether given an existing functional description of object A they investigate its similarity to some other object B. The former addresses issues of recovery, the latter classi cation. While this partition identi es di erent states of knowledge and its acquisition, a lot of the current research lies between these two extrema.
In the rst instance we can identify the research as a path:
starting from a point within the bounds and aiming, generally, toward the corner labeled (s; c; a). Various paths may be taken based on: (a) the assumptions (starting knowledge), (b) the methodology for gathering the de cient knowledge, and (c) the intermediate steps in the path.
lying entirely on a plane or moving along a line (or vertices) of the above space. In the case of the experiments presented here, we focus primarily on the structural component.
In the classi cation case, a functional description for an object or for a class of objects may exist. The process can be identi ed as a mapping from the space of one object to the space of a prototype characterizing the category. Additionally, only some of the components may be mapped and their distance computed, in this way establishing the membership to a category. Given the functional description, most researchers, as discussed in sections 2 and 3, focus primarily on the recovery or the classi cation of an object based only on the geometrical aspect of the structural component.
Position I(O) f identi es a state of full knowledge about the object; however, often not all the information can be acquired or is even necessary. In our approach, we assume partial knowledge of some of the components. Our goal, then, is that of recovering su cient structure (intrinsic properties) of the tool being used and of the target object (recipient of the interaction) to allow functional recognition. In particular, in the case of piercing, we start with no knowledge about the geometric properties of the object and aim at recovering the result that sharpness is an important feature. In the dynamic component, particular force pro les identify when the interaction is successful and how the force component should characterize a successful interaction. Furthermore, the force pro les de ne classes of force relations between tools and the various materials.
Representation for the Functionalities of an Object
An object has both intrinsic and functional properties; however, while the intrinsic properties do not vary, its functional properties depend on the functional task being investigated. Furthermore, both context and application must be considered. The structure of this representation is shown in Figure 2 .
The speci c components are: the intrinsic properties: geometric, material, kinematic and dynamic. These determine the factual component of the object's representation.
The list of functionalities identi es the functionalities which have been discovered to be associated with the particular object.
{ The application describes how the tool is to interact with the object. A detailed description of this component is in the following section.
{ The context component de nes the association of the object with the instantiated functional applications. This component includes not only the agent, a recipient of the interaction but also: 1. observers monitoring the development of the task; 2. a mapped description of the task de ning the task in terms of the speci c manipulator, sensors, etc.; and 3. mapped perceptual routines describing methodologies for data acquisition.
A Representation for Functionality
In section 3 as part of the goals we have noted the identi cation of functional properties and the construction of functional categories. To ful ll these goals, the representation for functionality must include: (see Figure 3) A description of the application component:
1. Tool application: to express how the tool is to be applied. 2. Task interaction: to describe how the interaction is to take place. 3. Expectation of interaction to characterize the results of a satisfactory interaction.
A list of intrinsic properties observed to be of relevance in the execution of the functional task.
Perceptual probing routines to allow the investigation of intrinsic properties.
A link to object descriptions which identify exemplars.
Perceptual probing routines as well as the application component give this representation an active aspect. It, in fact, prescribes not only factual knowledge about the object but also mechanisms for gathering knowledge. With respect to this aspect the representation recalls the structure of frames introduced by 39] in which slots for the acquisition of particular types of data were included. Scripts, 46] , also addressed this aspect of procedural knowledge 5 . Also the task frames presented by 2] addressed the relation between objects involved in an interaction. However, the representation of functionality must both consider the aspects de ned but also capture the description of the interaction.
A functionality class refers not only to a group of objects but also to the actions employed in the application of the object, the feedback used to control and monitor the interaction as well as possible action to verify whether the functional interaction was successful.
In the case of piercing, discussed in 7], the representation for this functionality prescribes a mechanism to de ne the type of contacts a tool is to make with a target object as well as to de ne possible grasping conditions to be met in order to bring the tool into contact. These types of conditions should not be restricted to a speci c type of manipulator but rather provide grasping strategies for di erent types of manipulators.
provides a task description which will yield the desired functional interaction, namely: an approach, a contact, a penetration, an extraction, and a departure phases. The language of the task could be as simple as a script-like description or some more complex multi-level plan depending on the complexity of the functionality.
includes a mechanism for (a) observing the progress of the task, (b) gathering additional information and (c) qualifying the e ectiveness of the operation. Figure 4 shows how functionality and objects are related. The scissors are shown as having three functionalities ordered according to importance. In the contexts shown, the agent is listed to be a hand and the observers identi ed are vision, force and tactile sensors. The geometric description is shown here by an outline of the particular tool but the model chosen would depend on a particular system. Some of the outlined properties might have been gathered either with some exploratory procedure or discovered through the interaction itself 6 . In the tool application-eld of the description of the functionalities, the type of contacts made by the tool with the target object de nes here a major di erence. The task description varies and so does the expectation of the interaction. In particular, in the \pounding in" functionality, a veri cation may be required to establish whether the object was e ectively pounded or simply squashed. The list of relevant properties in all of the three cases identify hardness as an important feature.
Su cient vs. Full Representation
Figures 3 and 2 present a schema for de ning and organizing the various components of the representation. This description portrays all the aspects for a full representation 7 . However it may not 6 Once some materials have been probed these signatures may be employed to characterize new objects. 11] shows how to perform this characterization using a thermal sensor. 31] discusses how material properties and their signatures can be gathered by \hit and listen", \whack and watch" and \push and feel" robotic interactions. 7 We advisedly choose to label a representation to be full as one in which all the slots have some entry versus a representation which is complete which addresses the power of the representation for all the objects to which it is be either possible nor necessary to have all the components. Only those properties which provide discriminating capability are incorporated as su cient for the classi cation.
In the experiments detailed here the structural properties su cient for discriminating between the various objects are: a geometric representation of the silhouette the object is extracted and described in terms of superellipses (section 5) and the material and kinematic components identi ed by the traces of force pro les recovered during the interaction (section 8).
The application component is given by the representation of the interaction (section 7).
Therefore, by focusing on the su ciency aspect of the representation we can restrict our attention to those features which are relevant. This approach will allow us to express the functionality of an object with respect to a context using force-shape maps.
Shape Extraction Component
In order to characterize the di erences among the silhouettes of the various tools, we have chosen to segment the contour into polygonal subcomponents. These were then expressed using superellipses. Superellipses, as they were termed by Piet Hein 20] , are the 2 dimensional version of superquadrics ( 3, 50] ). This choice of parametric primitives allows the individual subcomponents the ability to adapt to the dynamics of the interaction which may include relative displacement as well as deformations. The segmentation provides the means for comparing the various tools shapes in an e ective manner and to monitor either the possible deformations or the relative displacements of the components.
In this section the algorithm for segmentation is presented. Once the initial description is obtained, the tting of the models to the data is furthered by allowing the models to evolve using physics based modeling 59, 38] . In order to allow the initial models to t the data and to compete for unshared data we introduce a criterion for data attribution.
The Segmentation Process
The primitives subcomponents are obtained by the following process (see also Figure 5 ):
applied. The representation which we consider su cient, is complete in the sense that it allows both to represent the objects and to discriminate between them.
1. Contour extraction and transformation to object centered coordinate system. The image is automatically thresholded and the chain of contour points in extracted. The translational component of the transformation is extracted from the centroid of the contour. The rotational component is obtained by computing the eigenvectors for the set of points. The eigenvector with largest eigenvalue is then chosen to identify the x-axis in the object centered coordinate system.
2. Partition of the contour into positive and negative segments. This step is performed in order to account for noise in the contour points and small local discrepancies in the symmetry. The source of noise is due to the digitization process, the thresholding, and the lighting conditions. Both portions are approximated by linear segments as described in 35]. The algorithm is recursive and can be de ned in terms of its termination condition and its inductive step. A contour chain is successfully approximated by a line joining the end points of the segment when the distance of all the points from said line is below a desired threshold. When this criteria is violated, then there exists at least one point having maximal distance from the line. This point becomes the splitting position in the chain and the two sub-chains are thus recursed.
3. Merging of matching segments from positive and negative partition. Segments from both parts are matched. The resulting segments are recomputed by re-tting the data. Areas in which the tting is unsatisfactory represent places where there are some discrepancies in the contour of both sides. These may be incorporated in the next step.
4. Iterative growth of segments from longest to shortest. Because of the previous merging process there might be some segments which have split up. The longer segments are grown to attempt to incorporate the adjacent ones. The original quality of the t allows a maximum standard deviation of one pixel. The adjacent segments are incorporated if the overall quality of the t does not decrease by more than 10 % of the original value. When a segment may be incorporated by more than one of its neighbors, preference is given to the resulting one having higher quality of t. Some segments may yield a bad t or be too apart to be incorporated by any of the neighbors. These, which appear as gaps between the subcomponents, may be reclaimed when the recovered superellipses are grown.
5. Superellipses' parameters extraction for recovered segments. The parameters for the superellipses are obtained as follows. Half of the segment length and the average of the y-components of the end points de ne the axis for the superellipse. The squareness parameter is initialized to 0.02 and the tapering coe cient is derived from the slope of the line segment scaled by the ratio of the axes.
The underlying assumption in this approach is that the contours of the objects present symmetry along one axis and that they can be approximated by linear segments. In the case of a poor t, higher order models for tting the contours could be employed but that goal is beyond the current scope of research. Once the contour is subdivided into components, the tting of the individual components can be allowed to contend for the data points which might might not be associated with any component.
Growing the Initial Models
In order to obtain better models for the data, a physics based approach is applied to deform the initial models to t the data. The results presented in the previous section show that some of the data points remain unclaimed. Hence it is necessary to determine a membership function 8 . Since it is not clear whether a data point should belong to more than one model, we allow our membership function to assign a data point to more than one model. The criterion function for membership can then expressed as follows. where C 2 (0; 1] de nes an inclusion constant. Setting C = 1 assigns the data point to its closest model while if C = 0 the data point is shared by all models. In our case we have empirically chosen the value of C = 0:8. The resulting criterion function applied to the models recovered in the previous section and the location of the shared data points are shown in Figure 10 . Figure 8 shows the initial models with the associated data points and the distance pro les. The nal results from the tting process are shown in Section 9.
A Formalism for Representing a Functional Interaction
The tasks for investigating and expressing the functionality of a tool are expressed as Discrete Event Systems. The semantics associated with the states and events may di er. The states correspond to some continua in the task evolution and the transitions between states are caused by events which represent the qualitative changes in environment or task evolution. The behavior of the system is characterized in terms of strings over some xed alphabet -set of events. Let the subset L represent all event trajectories which are physically possible for the system. When language L is regular, there exists some nite automaton G such that L is generated/accepted by G. This automaton G is a 5-tuple G = (Q; ; ; q 0 ; Q m ), where Q is the set of all possible states, is the set of all possible events, is the transition function : x Q ! Q, q 0 is the initial state, and Q m is the subset of states called marker states.
We are primarily interested in addressing some observability issues of the overall system. In order to adjoin a means of control to the system, the set of events is classi ed into two categories: u { uncontrollable events (observations), which can be observed but cannot be prevented from occurring (e.g. bad communication packet exchanged, object slipped), and c { controllable events (commands) which can be prevented from occurring or induced by the system (e.g. stop, apply force, send a message).
Manipulatory tasks require the interaction with the environment and it is, therefore, necessary to be able to monitor the task execution and account for di erent unexpected interventions. The su cient sensory modalities required to observe the task or diagnose possible failures and correct for them must be investigated. The formalism used to model manipulatory interactions is based on the characterization introduced by Ozveren, 40] , and furthered by Sobh in 49] and by Bogoni 6] .
The system consists of a task overseer and models of various sensors which are characterized by the set of events or state variables of the task they can observe. The overseer controls the execution of elementary actions needed to carry out the task. The role of the overseer in this case is dual. It controls the task ow by issuing the new command to be carried out, and, at the same time, selects the appropriate observation strategies. Therefore, it is crucial that the available sensors be su cient to observe the overall task execution. Hence a task describing an interaction can be expressed in terms of a language on which controllability and observability requirements may be imposed.
Observability of the Interactive Task
A task is observable if the sequences of events which de ne the transitions between the di erent states are observable. We can de ne a projection function mapping events from to the individual sensors S j 's from S (set of sensors).
Let S be the set of available sensors, S j . Then an event i from can be mapped to some event e ji 2 S j if the given event is observable by the sensor in question and to otherwise. This can be stated as P ( i ; S j ) = 8 < :
e ji if event i is observable by sensor S j otherwise
Observability is contingent on the ability to monitor the di erent events. If, however, some of the events are not observable, some of the states become indistinguishable by the speci c sensor.
In the piercing example in Figure 9 (top), the states A,S,D are distinct at the task overseer level but their di erentiation is unobservable by the force sensor. This e ect of projecting one event to the null event and collapsing two states into one is called aliasing. Aliased states are shown as shaded in Figure 9 (center left) (note the di erent aliasing induced by vision and force sensors). Additionally, states such as C f in the task overseer result as an e ect of composing the events mapped to the individual observers. This state in particular is the result of having observed a force contact transition ( 3 ) prior to visual contact. A transition to this state identi es an error in the signal from the force sensor. In the case of cutting, the complexity of the task description would depend on the actual de nition of task. Cutting with a knife is a rather di erent action than cutting with a pair of scissors. If cutting were to be de ned as \the penetration with a sharp edge" 9 , then the description of the task and the monitoring of the penetration by the observers would be rather similar to that of piercing. The result of the interaction, on the other hand would require a di erent mechanism for observation. On the other hand, if the de nition entails the \separation into parts" 10 , then the interaction after contact and the observation both of the developments of the operation as well as of the results would require a rather di erent formulation.
In order to successfully monitor a manipulatory task, we want to guarantee that the overall task will be observable, i.e., each transition can be observed at least by one of the sensors. This 9 See entry 1 for cut in the American Heritage Electronic Dictionary. 10 Ibid, see entry 2. means that particular sensors may observe di erent aspects of the task execution but as a whole form a complete cover of the tasks' event set.
A major advantage of this formalism is that it allows several observers to be active simultaneously, i.e. di erent sensory operations may be performed at the same time. Additionally, the modularity in composition of the resulting models accounts for an easy integration of new sensors. The desired behavior of the system is de ned by the initial description of the task and expanded by the composition process. While it is possible to automate the construction of the overseer process in order to guarantee correct behavior, 42, 1], the decision of what constitutes the desired behavior and what actions should be taken upon newly arising conditions are up to the designer.
Representation of the Interaction of Piercing
Piercing involves grasping an object (tool) at one end with the intention of bringing it to contact with a target object. Once the tool has been brought to contact, force must be applied to enable the tool to break the surface and penetrate the target object a given distance.
In section 6, the description of a task is accomplished by de ning events and states as monitored and controlled by an overseer in terms of observers which can report on the changes of the system. Figure 9 (top) shows a DES description of a piercing task as seen by the overseer. It is worth noting that some of the events are clearly observable only by some sensor modalities. For instance the event of motion beginning and termination, 1 ; 21 , are observable only by the vision sensor while the event of reaching maximum force is observable only by the force sensor.
The de nition of success in the context of piercing can be expressed as a function of position, force, and vision even if the behavior of the interaction will greatly vary depending on the type of material encountered.
If the target object is elastic, then the position of the end-e ector will have to be observed not only by force and position sensors but also by a vision sensor. It is only by means of observations through di erent sensory modalities that we are able to identify the behavior of the material. In particular, if the tool is partially elastic, both position and force sensor may assert events indicating that the tool is penetrating the target object whereas vision reveals a tool deformation.
It might be possible to observe that piercing occurs with a singular sensory modality only in speci c situations. This is, for example, the case of a thin and elastic object where the drop in the force signal can be a su cient cue. Stein and Paul 55] adopt this de nition of successful piercing in their investigation of local control of simple behaviors for telerobotics.
As shown in Figure 9 (bottom), some of the nodes of the task description do not map to any sensor for they identify only logical states in the task execution, while other nodes are aliased since events which di erentiate between them are unobservable by some sensors; however, the overall task is piecewise observable. As illustrated in the gure states fC i ; f p ; C e ; D v ; C v g, fP; f g ; Eg and fD; f c ; C f g are indistinguishable by the vision sensor.
System Architecture and Interaction
This section presents both the architecture of the system and discusses interaction and the data gathering methodology. The architecture of the system is illustrated in Figure 10 . Two Puma 560 manipulators were used for the experiments. The rst one performed the piercing operation by means of an aluminum tool mounted as end-e ector. A wrist Lord Force/Torque sensor monitored resulting contact forces. The second manipulator was used for moving the vision system (a b/w camera) so as to provide a good observation point at any time. Figure 11 (right) shows the actual set up.
The overseer and supervisor processes ful ll the dual role of controlling the feedback from the observers (overseer) and providing the appropriate commands to the robot carrying out the task (supervisor). This process communicates with all high-level observers, a robot server carrying out the task, and the display process. In addition the task control component of this process receives direct feed back from the vision process. The display process receives communication from all the observers and provides information to the user. It shows the task evolution in the overseer and in the various sensors ( Figure 12 ). The force and vision display receives continuous information from both the visual observer and from the force observer. This process provides information in the form of signal pro le to the user illustrating the changes of the Z-force component of the force and the decrease of the height of the tool expressed in pixels. The vision observer communicates using high-level information, commands and discrete events with the overseer, but interacts locally with several processes governing the motion of the robot and the acquisition of visual information. The force observer monitors changes in the force and provides continuous feedback to the robot moving the tool. The position observer gathers the information of the position of the end-e ector and feeds it back to the overseer in the form of high-level events.
The system is distributed and coordinated by means of high-level commands and the feedback provided either in the form of discrete or continuous events. The communication is asynchronous to allow each system's component to be able to carry out its particular role. While either of the robots is moving, the processes governing their motions are receptive to interruption. The receptivity to higher level interrupts is important because the robot server has only limited knowledge of the interaction which is being carried out. It, in fact, does not know about the role of the interaction in the larger context of the task.
This hierarchical implementation provides the system with the exibility to carry out di erent tasks if these are expressed in terms of these elementary motion primitives. The communication between layers is performed in terms of commands and observed events. This exibility allows di erent sensors to be substituted and new routines to be introduced or substituted. Thus, the switching from the initial system ( 6] ), employing a compliant wrist ( 63] ), was easily accomplished by replacing it with the Lord Force Sensor.
Discussion on the Interaction
In these experiments we begin by positioning the tool already in the gripper. The issue of grasping a tool addresses many aspects. Some of these deal with the stability and the manipulability of the object as well as the purpose of the the grasping ( 15, 23, 51, 37] ). While the grasping has not been included in our experiments, we notice that a set of strategies for grasping could be added ( 45] ). This addition would require having a grasping phase preceding the actual interaction. In fact, various stable grasps for a particular object could be investigated prior to the interaction. Then, having carried out the interaction and observed the experiments, that information could be back-propagated to the the initial phase to rank the grasps based on the purpose.
According to the model of piercing described in section 7, the sequence of operations is illustrated in Figure 9 (top). At rst the tool is brought into contact with the target object, while the camera is located in front of it at a pre-de ned distance, so as to determine visually when contact is achieved. Depending on the hardness of the target object, the assertion of a visual contact condition does not always imply a major deviation of the force signal from its resting value. When visual contact is observed, the visual system is moved closer to the tool in a position slightly higher than object surface, in order to improve the observation of the evolution of the piercing operation. The change of the position of the visual system allows a more reliable visual analysis of the scene. In fact, by having moved the camera over the contact plane, the measure of the tool height is less a ected by the possible compliance of the explored object.
After visual contact is established, the piercing control procedure is restarted and the piercing robot lowers the tool with a xed velocity. A speed of 1mm/sec was used for the experiments. All the components of forces and torques were monitored in real{time and the motor action was automatically interrupted if any of these components overcame a xed safety threshold, in order to avoid damages to the system. Other limits were imposed on the allowed motor excursion of the robot {so as to avoid dangerous collisions with the underlying table{ and on the visually monitored depth of penetration.
Three time-varying signals were analyzed to evaluate how the operation was proceeding: the visual height of the tool, the force signal component orthogonal to the object surface, and the position of the end-e ector. The visual height of the tool was determined in each image by thresholding 11 , and the resulting time{varying signal was the input visual data to the system.
A set of various target objects was used as a test-set for the experiments. The objects were made of di erent materials and they were chosen basically to test the system with varying degrees of material hardness and elasticity. Typical signals gathered during a piercing operations are shown in Figure 13 .
The force pro les for di erent materials in Figure 13 suggest that the observability of the piercing operation in the force domain can be associated with a sudden variation in the slope of the signal. Such variations occur in all the signals except in the case of wood and sponge, which denote cases of failure in the operation.
In general, the position of the arm provided by the robot encoders can be used for determining the occurrence of piercing, if the height of the tool and the position of the object to pierce are assumed to be known a priori. However, if the monitoring of piercing were to be performed only on the basis of these proprioceptive data, it would fail for a non-rigid object where the arm can move further than the initial height of the object without penetrating it. Similarly, the height of the tool monitored by the visual system is a powerful cue for assessing if piercing is occurring. This is, particularly true if the visual system is located in a vantage observing position, as in the case of the experiments described in this paper. However, the height will provide misleading information in particular cases of visual uncertainty, such as when penetrating into an existing hole of the object. In such a situation having more that one modality allows us to notice that while the visual information would suggest a penetration into the object, the force sensor will not observe contact and hence identify this case as a false success.
Also the force signal by itself is not su cient for determining piercing. The changes in slope shown in Figure 13 , even though closely related to the initial penetration into the target's surface, are strongly dependent on several other components, such as the velocity of the tool and the elastic properties of the material.
As an example, the force pro le shown in Figure 14 (right) suggests a penetration of the tool into the target object even though this does not occur as the visual signal pro le illustrates. The misleading behavior of the force signal can be explained by taking into account the particular 11 The use of thresholding is adequate for the environment but not the only technique to be employed to recover this information. structure of the object which, contrary to all the others previously investigated, is characterized by a lack of uniformity both in density and structure.
The only way to overcome these uncertainties is to consider, in a coherent framework, all the sources of information simultaneously. In the example of the sponge just addressed, such disambiguation is resolved by employing the visual information.
In this process of integration of di erent sensory modalities, a basic role is played by selective attention mechanisms which focus the system to process the signi cant information with respect to the task and to the current state. The DES modeling of operative tasks is a good technique for introducing task{mediated attention mechanisms in machines. Depending on the actual system state, di erent signi cance is given to the incoming signals in di erent phases of the operation. Even though all the low-level processes are running during all the experimental phase, only the relevant data is considered at any given time. As an example, the visual routines, which determine the height of the tool and the distance from the contact condition, are running throughout the experiment. However, only the distance is considered by the system before monitoring contact, and only the height afterwards. The capability of assigning a time{varying signi cance to di erent incoming patterns in the sensory signals seem to be a strategic issue in exploiting functionality.
Results and Discussion
This section presents experiments carried out to investigate the functionality of piercing of a set of tools. In each case we present the result of the interaction of a speci c tool with three target objects made from di erent materials. For each material twenty interactions were carried out. The signals thus obtained are presented as a force envelope (1 ) about the mean of the signal.
Each of the gathered signal provides di erent information on the events and each is a ected by di erent kinds of uncertainty. Namely, there is a variable degree of noise superimposed such as jitter due to the motion of the robot and the varying density of the material.
The tools employed vary primarily in the shape of the contact area (sharpness) as well as with respect to length. The sharpness of the tip is expressed in terms of the global parameters: a 1 ; a 2 ; and k y . Figures 15 -17 show the shapes recovered through the segmentation process described in section 5.
In each case, once contact was observed, the motion of the end-e ector progressed for a total of 8 sec. with a velocity of 1.0 mm/sec. The threshold force was set to 0.3 N. The successful operation is denoted by a force pro le remaining below the force threshold of 0.3 N and reaching the boundary for task execution (8 sec.). As noted in the previous section, the visual observer must corroborate the evidence of penetration in order for the experiment to be declared successful. In the experiments reported, the visual observer corroborated the observation of the force sensor. Additionally, due to some compliance present in the wrist, the vision sensor is also necessary to corroborate the observations from the position sensor.
Experiments with Tool 1 This tool is the sharpest of the three. The gathered data shows that it requires the least amount of force to penetrate the materials. The interactions are successful both in the case of the interactions with balsa and styrofoam but fail in the case of interaction with pine. In the case of styrofoam, we notice that there is a dip in the force pro le after the initial build up. This corresponds to the breaking of the surface. We also notice that since the diameter of the tip changes rather slowly along the axis of symmetry, the for signal does not increase substantially for the remaining portion of the operation.
Experiments with Tool 2 This tool exhibits intermediary sharpness between the three tools. This is directly observable from the force values reached at termination of the interaction. In this case, we notice that the breaking of the surface into the styrofoam does not manifest a decrease in force as for the previous tool. The force does not decrease since the tool's tip maintains the contact with the sides of the target object.
Experiments with Tool 3 From the graph one can notice that penetration occurs only when the tools is interaction with styrofoam. In the case of an interaction with balsa, the tool penetrates partially in the material but not to the desired depth. Some the compliance is absorbed by the wrist, hence relying only on the position sensor might lead to a wrong classi cation of the instance. In this case, the vision sensor provides the ability to determine that the interactions with balsa are actually not successful.
In order to integrate the observations gathered from the interactions extracted in the above experiments, we now introduce the concept of force-shape maps.
Force-Shape Maps for the Instantiated Task
In the previous section we have presented each tool the as acting on various materials. By considering the e ect of the di erent tools on a single material envelopes can be constructed. These Force-Shape maps provide means for classifying the tools with respect to the shape, the force exerted during the interaction and the task that is currently being investigated. Figure 18 shows how the force is varying with respect to the di erent materials. The shape axis is actually multi-dimensional. In our case we can relate the position on this axis to the sharpness of the tool employed. While only three tools are available, we have plotted an envelope along the shape axis for an extent of 1 \shape" unit. From our experiments, we have extracted here only three contours along the shape axis. We expect that by interpolating the contour curves, with respect to each material investigated, we can produce force-shape maps which relate intermediary shapes to their functionality with respect to particular materials.
By considering how the force-shape maps for di erent materials we can construct maps which relate the operation of piercing carried out by various materials and by di erent tools. Figure 19 shows a rendering of the combined force-shape maps. While more experiments are needed to provide more support to our observations, we foresee that this approach will provide a convenient mechanism for the capture of functionality of di erent shapes. Additionally, similar maps for other functionalities can be constructed.
Conclusions
The de nition for the representation of functionality requires not only that we describe the exemplars and their common features but also that we incorporate a description of the interaction. In this paper we have introduced a representation for functionality and de ned a methodology for recovering it. We have shown the sensory signals associated with the functionality of piercing. Furthermore, by using a formalism based on Discrete Event Theory, a formal model of a piercing operation has been developed. As a result, the proposed system is able to monitor in real{time the execution of the operation and predicts possible consequences to actions.
The integration of other sensor modalities to adapt to a changing environment and for recognizing the importance of other features is currently being investigated. The type of observation we are planning to incorporate is that of bending. A new observer will be incorporated as part of the control if its observation provides the ability to better qualify the interaction and to identify instances which, upon veri cation, were incorrectly classi ed. In addition we wish also to focus on possible deformations that the target object will be subjected to. When considering cutting, for instance, it is necessary to observe how the target object is being a ected by the tool in order to identify a successful interaction.
The system provides output in two forms. A running time output is provided to the user in the form of graphs indicating the state of the execution of the task as perceived by the various observers. Each execution provides force pro les which are then combined with information about the shape to construct force-shape maps. These, in turn, allow a classi cation of the tool given the recovered structural properties of the object and the dynamics of the interaction. Thus, these maps provide the second type of output.
Future extensions of our investigation will focus on carrying out other functional interactions as well as further developing the concept of the extracted force-shape maps. Figure 4 : This gure depicts several objects (bottom) and associated functionalities (top). The elds have been lled with some sample parameters. Only one of the contexts of object application are shown. In the above the functionality list expresses the applicability of the particular object with respect to the functionalities here described. height and force signal on an experiment using Sponge. In both instances the task phases (Contact, Breaking Surface, and Penetration) are identi ed below each graph. 
